This paper presents a diesel engine selective catalytic reduction (SCR) 
INTRODUCTION
Diesel engines possess noticeable advantages in terms of efficiency, reliability, and power compared with gasoline counterparts.
However, diesel engine emission control, especially NOx reduction, is much more challenging than that for gasoline engines [1] [2] . Selective catalytic reduction (SCR) is one of the most promising aftertreatment systems for controlling NOx emissions [3] . SCR uses ammonia (NH 3 (4) te in the sumption, we simplify the dynamics as a pure time-delay in this study as a control-oriented urea-NH 3 model. ,
where the includes the transport delay and chemical reaction delays. Because the transportation and the chemical reactions are considered to be slow, this delay time must be carefully considered in control design.
NH 3 Adsorption/Desorption. The NH 3 entered the SCR catalyst can be adsorbed on the SCR substrate. The adsorbed NH 3 * can also be desorbed from the substrate as shown in the following equation,
The rate of the NH 3 adsorption/desorption can be expressed by the following equations,
,
where the NH 3 surface coverage ratio θ NH is defined as:
.
Also, at temperature higher than 450 deg C or so, the adsorbed NH 3 can be oxidized to NO by the following reaction.
. (11) NOx Reduction. The adsorbed NH 3 can then catalytically react with NOx to become nitrogen.
Because diesel exhaust gas NOx is usually composed of more than 90% of NO [3] , reaction in Eq. (12) is considered the dominant reaction in NOx reduction (when diesel oxidization catalyst is not present). The reaction rate is described below:
SCR Model
Based on the molar balance, the main SCR dynamics can be described by the following equations [12] :
, .
The dynamic equations can then be used to develop the SCR model using Continuous Stirred Tank Reactor (CSTR) approach or mass conservation law. Many SCR models for vehicle applications have be proposed [5] [7] [8] [12] . We adopted the model presented in [12] . The nonlinear model in state-space form is shown in Eq. (19). The 
where , , , , .
Note that the , is not the actual control input, which is the urea injection rate in Eq. (5). We assumed the urea-NH 3 dynamics as a pure time-delay. Also notice that the urea injection can only be positive. Such a constraint on the input must be applied to the control system as:
0.
(20)
Selection of Control Objective
The objectives of urea-SCR control are to reduce the NOx and NH 3 slip amounts by regulating the urea dosing rate. The general scenario to handle this problem is to use control strategies to regulate both NOx slip and NH 3 slip to zero [4] [5] [6] [7] [8] [9] , which are difficult to achieve in reality. Oftentimes, one slip will increase if the other is lowered. We proposed an idea of decoupling the two control objectives by controlling the internal state , the ammonia surface coverage ratio. Even though this value is currently measureable only by lab equipments [17] , it is proved to be observable [5] [6] and observers have been designed in the authors' work [16] .
Because NOx reduction process in Eq. (15) is in most times much faster than the NH 3 oxidation in Eq. (11), from Eq. (15), it can be seen that higher coverage ratio leads to higher NOx reduction rate and thus lower NOx slip amount according to Eq. (16) . Based on this observation, one can intuitively see that to minimize the NOx emission, the coverage ratio should be close to its maximum value. But the high coverage ratio can lead to high NH 3 slip amount according to the dynamics described in Eq. (7), Eq. (8), and Eq. (18). In other words, ammonia coverage ratio should be controlled under a certain value such that the tailpipe ammonia slip will not exceed the acceptable limit. Based on the observations above, it is believed an optimal target coverage ratio should be carefully selected such that the NOx emission can be minimized and the ammonia slip will not reach the unacceptable range.
To find the optimal coverage ratio, the value should be as large as possible such that the NO x conversion efficiency is maximize, but have to be under a limit such that the ammonia emission will not exceed the acceptable range. The optimal value can be calculated based on experiments with considerations of temperature, exhaust air flow rate, and NOx concentration variations. In this paper we leave the design of target coverage ratio as a future work and focus on the control design of ammonia surface coverage ratio regulation.
MPC-ASSISTED CONTROL APPROACH Brief Reviews of MPC
Model predicted control (MPC) is an optimization-based control strategy that uses a model to predict system behaviors in a receding horizon and then calculate the optimal control sequence in this future time span [14] [15] . The advantages of MPC are that it can systematically handle most kinds of dynamics and constraints and also achieve optimal control in a horizon. Such features are very beneficial for SCR control application because the time delays, time varying dynamics, and control constraints, which are generally hard to be incorporated by conventional controllers, can be managed. However, a well-known issue of MPC is the high computation demand when it is applied to nonlinear systems.
MPC-Assisted Control
To utilize the advantages of MPC and avoid high computation burden, a MPC-assisted control approach is proposed. For MPC, if the controlled plant possesses high nonlinearities, optimization may require significant computational resources. However, for nonlinear systems, pursuing the global optimal control is generally not practical or even impossible with limited computation power. Based on these observations, the main idea of MPC-assisted control approach is to pursue a "better" control. The concept of MPCassisted controller is to use a sub-optimal MPC as a post controller to improve the control signals of an initial controller. The initial controller can be a real-time controller, which is designed such that the plant controlled by the initial controller is stable. A schematic presentation is shown in Figure 2 .
For a regular MPC, the controller tries to search the horizon optimal control sequence based on the previous control. Very often, the starting point can be far away from the desired optimal one. In this case, the MPC optimization can take a long time to find the optimal control, and sometimes the calculated optimal control can be just local optimal points. The novelty of the MPC-assisted control concept is to utilize an initial controller to predict a control sequence in a horizon and start optimization search from this sequence. The initial controller can be a real-time controller which can stabilize the system. In this case, a better, or at least equal, control comparing to the initial controller can be promised. During the horizon control optimization, the post MPC controller tries to find a control sequence, from the starting point calculated by the initial controller, which decreases the cost function and satisfies the constraints by a quadratic programming optimization solver. The worst case is that the post controller cannot find a better control and the system will behave based on the initial control, which is still stable. But oftentimes, the post controller can take the advantages of MPC by considering system constraints and optimizing the controller output in a receding horizon. Based on this approach, with a proper choice of the cost function, e.g. select control error square as the cost function, the system stability can be guaranteed by the initial control.
FIGURE 2. SCHEMATIC PRESENTATION OF MPC-ASSISED CONTROL APPROACH
To reduce the computational burden, instead of trying to find the global optimal control input, the sub-optimal MPC tries to find a control sequence around the one seeded by the initial controller to decrease the cost function while satisfying the constraints. The prediction model (named cost function model in the rest of this paper) in the sub-optimal MPC predicts the cost function value in the horizon based on the initial nonlinear model. The optimization objective function is a second-order Taylor series approximation of the cost function model and the origin of the Taylor series expansion is the control sequence generated by the initial controller. Quadratic programming is used to find the optimal points in an efficient manner. The mathematic formulation of the MPC-assisted controller is presented below.
Consider a nonlinear plant model expressed in a discretized general form:
The control objective is to minimize the cost function
subject to the constraints of:
The cost function needs to be selected such that minimizing it does not jeopardize the overall system stability. The first step of the MPC-assisted control approach is to find an initial control sequence for the post MPC optimization. This is done by predicting the output of the initial controller in a finite horizon from current time ∆ to time ∆ . Assuming the control law of the initial controller is presented by:
where is the set value. Then the output of the initial control in a receding horizon can be predicted as:
where the system output | in the horizon is predicted by the plant model in Eq. (21) 
and Eq. (22).
In the second step, the post controller utilizes the control sequence as the starting point to search for a better control which satisfies the control constraint in Eq. (24) and decreases the cost function value in Eq. (23) in the horizon. The cost function model can be expressed as:
Based on the model in Eq. (21) and Eq. (22), the optimization objective function | , is then obtained as a second-order Taylor series approximation of the cost function model originated at , and can be expressed as:
where is the Jacobian matrix, and is the Hessian matrix in the following expressions:
Quadratic programming approach is then applied to find the minimal value of the optimization objective function in Eq. (29). Assuming the calculated optimal value is ∆ , the final controller output is obtained as:
and then the first element is applied to the physical plant.
Compared to the conventional nonlinear MPC, the approach can dramatically decrease the computational effort associated with the optimization iterations. On the other hand, in contrast with non-MPC control approaches, this strategy adopts the advantages of MPC such as considering constraints and optimizing system responses in a horizon.
SCR AMMONIA COVERAGE RATIO CONTROL Estimation of NH 3 Coverage Ratio
A study on SCR NH 3 coverage ratio observers is presented by the authors in [16] . In the study, three types of observers with robustness against different sensor errors were proposed. In this paper, we assume NO, NH 3 , and temperature measurements are available and the temperature measurement possesses the highest accuracy. Under this situation, the observer based on the coverage ratio dynamics is selected to be used in this study. The observer equation is presented below:
(33)
MPC-assisted PID Control for Ammonia Coverage Ratio Regulation
The MPC-assisted control approach can be directly applied to SCR ammonia surface coverage ratio control. In this study, a PID controller is selected as the initial controller since it is commonly used by conventional SCR controllers.
, 
A challenge in applying MPC control approach to practice is the prediction of time-varying variables (e.g. temperature, exhaust air flow rate, engine NOx emission, and etc.) in the model. To address this problem, we proposed two possible methods to predict these values in a receding horizon, as schematically expressed in Fig. 3 .
FIGURE 3. TWO METHODS FOR PREDICTING TIME-VARYING VARIABLES
The first method adopts the sensor measurements of these values at upstream of the exhaust pipe before the SCR. It is known that there is a transport time-delay between the engine exhaust manifold and SCR. Predictions of the time-varying signals entering the SCR are possible in a time horizon with a length that equals to the time-delay. The second method utilizes the driver commands as the prediction inputs and calculates the corresponding time-varying states by lookup tables or models. In this case, both the engine and the exhaust pipe contribute time delay that we can utilize to predict these values. This method is supposed to have a longer prediction horizon than the first method. In this study we assume the available prediction length is 3 seconds.
SIMULATION RESULTS AND COMPARISONS
The simulation studies of the SCR control were based on a Diesel engine aftertreatment simulator cX-Emissions developed at The Ohio State University Center for Automotive Research (OSU-CAR). The first phase of the FTP 75 cycle was used in the simulation studies. We compared the MPCassisted control strategy with the conventional controllers such as a carefully-tuned PID (the same controller as the initial controller in Eq. (38)) and a linear MPC (LMPC). Figure 4 shows the simulation results of the controlled outputs. The desired optimal NH 3 coverage ratio was set to 0.5. Figure 5 and Figure 6 show the speed profile of the FTP75 cycle and the corresponding exhaust gas conditions. Because more NO can be generated when the engine load is higher, as we can see from these two figures, the NO concentration was seriously increased during vehicle accelerations. At the same time, engine temperature and exhaust air flow rate were also increased because of the higher engine load. According to the SCR model in Eq. (19) and the reaction rates in Eq. (7), Eq. (8), Eq. (11), and Eq. (15), increases of temperature and exhaust air flow rate can increase the speeds of the chemical reactions and system state variations. This caused the obvious coverage ratio variations when vehicle was accelerating. But we can see the MPC-assisted controller can still regulate the coverage ratio very well all the time, while the PID controller and LMPC controller both exhibited distinctly large steady-state and transient errors. One of the reasons for the MPC-assisted controller to achieve better control performance is because it can predict the variations of exhaust gas caused by the vehicle speed changes. The differences can be clearly compared by the Root Mean Square (RMS) error presented in Table 1 .
Since the control input does not have the ability to actively decrease the coverage ratio, as can be observed from Fig. 4 , both PID and LMPC controllers retained large positive steady state error when the NO concentration was decreased. Since the MPC-assisted controller considers the control constraints in the receding horizon, we can see the coverage ratio was controlled within a range that was very close to 0.5 during steady-states. Figure 11 shows the controls calculated inside the MPC-assisted controller. It can be seen that the MPC corrected the control inputs from the PID initial controller to satisfy the constraint of 0 u k u 0.01, and consequently prevented the overshoot and steady-state errors.
Furthermore, due to the inclusion of time-varying signal predictions and the consideration o f time-delay within the MPC model, the transient performance of the MPC-assisted case is better than those of the other two controllers. As Fig. 8 to Fig.  10 illustrate, the vehicle started moving at the 20 th second, the MPC-assisted controller triggered the urea injection around the 18 th second to prevent the coverage ratio to be lowered by the upcoming elevated NO concentration and the increased reaction rate caused by the higher temperature and faster airflow rate started at 20 th second. At the same time, the other controllers could only raise the urea injection when the coverage ratio feedback falling was detected after the 20 th second.
Regarding the computation demand, as can be seen in Table  1 , although the simulations of MPC-assisted controller used 391 seconds of CPU time, which was much longer than the others, this amount of time was less than the FTP75 cycle simulated time which was 505 seconds. Besides, the simulations were done in MATLAB using floating-point calculation on a 2.5 GHz Windows XP laptop instead of the fixed-point calculation on a real-time controller platform. It is likely that the computational effort may be affordable for real-time implementation of the algorithm. 
CONCLUSIONS
A novel diesel engine SCR ammonia surface coverage ratio control structure with a MPC-assisted control method was proposed to achieve the SCR control objectives in this paper. FTP75 simulation results showed that the MPCassisted controller could handle the urea-SCR system time delay, time-varying external signals, and constraints well. Comparisons of the coverage ratio control RMSEs with conventional PID and LMPC controllers indicated that the MPC-assisted approach can regulate the diesel engine SCR ammonia coverage ratio more accurately.
